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Abstract 
This paper discusses on a system that aims to facilitate the experience of learning a foreign language, and more specifically, 
enhancing the procedure of learning the respective vocabulary. The presented system is a web-based learning management 
system, which uses cognition mechanisms in order to take into consideration both users’ past preferences and their current 
feedback, with respect to the learning style. Bayesian Networks concepts are used for monitoring past preferences, and for 
acquiring knowledge and determining the likelihood of future preferences, through the use of certain parameters. 
© 2010 Published by Elsevier Ltd. 
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1. Introduction 
In contemporary societies the need for communication and access to information becomes continuously an 
increasing part of every field of human initiative. Moreover, multiculturalism is also a fact in today’s societies, 
making it necessary for people to be fluent in many languages. In this respect, learning a foreign language rapidly 
can play a significant role in everyday interactions. At the same time, the continuous advances in 
telecommunications, reflected on the expansion of the utilization of electronic devices, make users even more 
accustomed to the functionalities network services offer. In this context, web-based language teaching systems can 
become fundamental to providing users with the potential to efficiently and effectively learn a foreign language, 
regardless of spatial and time constraints. This paper discusses on the development of a system that aims to facilitate 
the experience of learning a foreign language, and more specifically, enhancing the procedure of learning the 
respective vocabulary. This is achieved through a web-based learning management system, which uses cognition 
mechanisms in order to take into consideration both users’ past preferences and their current feedback.  
2. The importance of vocabulary and personalized teaching 
Modern trends accept that the main field of Linguistics is the vocabulary and that the field of grammar conforms 
to the “vocabulary” structures, which are of primary importance (Mitsis, 2004). In other words, the meaning of the 
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words (vocabulary) is the first step of learning a language and the structure of the sentences (grammar) is set as a 
second step. Obviously, the two steps are complementary; however it is impossible to create a correct sentence in a 
language without knowledge of the appropriate words and their meaning.  
On the other hand, providing personalized teaching in a typical classroom that is able to cover at the same time 
all learning styles, is practically impossible. This is justified mostly due to the large number of words that will have 
to be not only presented to the class, but also assimilated by the users. Therefore, the systematic exercise of the 
students in strategies that enable them to learn and improve their own knowledge and vocabulary seems to be 
mandatory (Nation, 2001; Schmitt – McCarthy, 1997). Moreover, taking into consideration user’s personal and 
unique learning style (Cohen, 2003), (Felder-Henriques, 1995), (Mitsis, 1998), (Oxford, 2003), (Kolb, 1984), as well 
as the heterogeneous nature of different user groups, the need for the students to recognize, choose and use the 
learning strategies that respond and suit their personal learning style arises. 
3. The user-oriented web-based learning management system 
This section describes the structure of the proposed cognitive, web-based vocabulary teaching system, through 
the description of its components, user’s navigation within it and the parameters, used to encode user preferences. 
3.1. System structure, components description and user navigation 
In general, four main components make up the user-oriented web-based learning management system, namely the 
“User Profile Model”, the “Content Model”, the “User Interface” and the “User Monitoring”, as depicted in Figure 
1. Each of these components has an irreplaceable role in this system, making its presence mandatory for the system’s 
functionality (Alomyan, 2004; Garzotto and Cristea, 2004; Kritikou et al., 2008; Zakaria, 2003). 
 
 
 
   
 
Figure 1: The Conditional Probability Table for the parameter “Number of Words” 
The User Profile Model component stores all user-related data, i.e. the users’ profiles, including personal 
information, preferences, monitored user actions and user performance related data. The User Profile Model has to 
infer the following information: (a) the users’ preferences concerning the content of each linguistic course; and (b) 
the users’ preferences regarding the structure of the user interface/ platform.  
The Content Model component stores information about the material that is to be delivered to users. The Content 
Model stores the learning segments (learning courses) in XML format and, when notified, provides the appropriate 
information  to  the  User  Interface  component,  utilizing  the  instructions  sent  by  the  User  Model,  about  each  user  
group’s preferences.  
The User Interface is the component that exploits information from the User Profile Model, in which the users’ 
preferences are stored, and the Content Model, in which each course’s structure is stored, and forms the final content 
to be delivered to the user. This content is formed in pages using Java Servlets (De Bra et al., 2003), and comprises 
the material to be finally presented to the user.  
Finally, the architecture is completed with the User Monitoring component. This component monitors each user’s 
behavior during the navigation in the e-learning system, detecting the user’s interest on certain subjects, or 
weaknesses of understanding in some others. The data collected by the User Monitoring component are transferred 
to the User Profile Model, in order to serve as input for the adaptation of the user profile. The components described 
above aim at rendering the system easy to navigate, interesting and attractive to the user, as well as adaptable to 
particular characteristics and learning style preferences, imposed by each user group. 
More specifically, in the beginning of user’s navigation in the system, the user optionally provides answers to a 
specific set of questions. Depending on the answers given, the system forms an initial user profile, adding him/her to 
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a group of users, who have the same learning style and level of knowledge. The questionnaires are formed based on 
learning style’s categorization that is closer to the school routine and teaching reality (Felder – Henriques, 1995; 
Mariani, 1996; Mitsis, 1998; Oxford, 2003). Then the user enters the course, where he/she sees the learning 
material, studies the course, solving the exercises etc. In case the user chooses not to take the questionnaire, the 
system classifies the user in the novice group and the procedure continues by monitoring the user’s behavior 
throughout his/ her navigation in the system, as his/her preferences may change over time. The user’s activity is 
evaluated so as to detect potential weaknesses and problems encountered by the user, and record the performance 
and behavior. The aim is the adaptation of the learning material, consequently leading to the overall improvement of 
user’s performance. It is assumed that users that are presented content in accordance to their learning style are going 
to learn the words quicker and more effectively (Dunn and Dunn, 1978). Finally, the system evaluates the user’s 
progress, by providing the user with a quick test to assess the amount of information absorbed. This test contains 
quick questions that do not overload the user which can be answered with a “Yes” or a “No”. This means that users 
are able to answer such questions easily, with the minimum interaction possible. Conclusively, the proposed 
vocabulary teaching system has the following characteristics, which are rather difficult and time consuming to be 
incorporated in the traditional teaching process: Personalization, Adaptability to users' unique characteristics, 
Interactivity between the system and the user and Variety in the levels of difficulty the way of presenting the 
learning material. 
3.2. User profile parameters classification: Input and Output Parameters 
As mentioned above, user preferences might be changing over time. This means that the system should revise 
certain aspects of the offered learning procedure, in order to better meet the user’s evolved needs. Each of these 
aspects is influenced by one or more factors that reflect the user’s behavior within the system, namely the user 
profile parameters. In this way, the user’s behavior can be monitored through parameters concerning the navigation 
in the system and, by being kept in log files, this information can be updated accordingly. User profile parameters 
can be classified following (Ahmad et al., 2004; Juvina and van Oostendorp, 2004a), so as to facilitate their 
evaluation. Therefore, we assume that a user’s e-learning profile consists of two types of parameters: the influential 
factors, which will be called ‘input parameters’, and the user and learning procedure preferences, which will be 
referred to as ‘output parameters’. As it is rather difficult to estimate user preferences in a direct way, a number of 
input (evaluation) parameters needs to be set, in order to aid the system to evaluate the user’s preferences. These 
parameters include the Course Duration, the Test Duration and the Performance. Course Duration refers to the time 
that a user spends for completing a didactic unit/course. The Test Duration parameter is similar in nature, with the 
difference that it is related to the time that a user spends to complete a test. Finally, the Performance parameter 
measures the results of the tests taken by the user. The output parameters are practically the parameters that affect 
the user’s performance, but cannot be easily measured. The output parameters include Difficulty Level and Number 
of Words. Difficulty Level is influenced by the level of the user’s knowledge on the subject, while Number of Words 
refers to the amount of information the user wishes to explore in the course to study. Difficulty Level and Number of 
Words may be attributed to one of the following three values: low, medium, or high.. 
Performance Course Duration Test Duration
Number of Words Difficulty Level
 
Figure 2: The Conditional Probability Table for the parameter “Number of Words” 
The dependencies between input and output parameters are depicted in Figure 2, while the groups formed by the 
input parameters are presented in Table 1. In case the system has inferred, after the initial short questionnaire, that 
the user is Novice, it presents the corresponding information and adapts itself accordingly, using the information 
depicted in Table 2 
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Table 1: Input Parameters and User Groups 
 Course Duration Test Duration Performance 
Novice High High D 
Intermediate Medium Medium B/ C 
Expert Low Low A  
Table 2: Output Parameters and User Groups 
 Difficulty Level Number of Words 
Expert High/ Medium High/ Medium 
Intermediate Medium Medium 
Novice Low Low  
4. Implementation and Results 
4.1. Methodology for knowledge acquisition and adaptation to user preferences 
The process of developing knowledge regarding user preferences comprises two phases. The initial phase is the 
collection of information on the user, which is done through the monitoring of the user’s behavior, feedback 
collection from the user and rankings calculation of Number of Words and Difficulty Level combinations. The next 
phase is the approximation of future user preferences based on the gathered feedback, using Bayesian statistics 
principles. Concepts from Bayesian statistics are applied in order to estimate the probability of the Difficulty Level 
and Number of Words for a specific content provided. This can be done through updating instantaneous estimations 
by taking into account existing information on the user (Kritikou et al., 2008; Stavroulaki et al., 2009). The first step 
of the application of this methodology is to create the Conditional Probability Table (CPT) for each Output 
Parameter (Figure 3).  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 3: Part of the Conditional Probability Table for the parameter “Number of Words” 
Practically, the CPT Table serves as an input to the instantaneous estimated probabilities, which is the second 
step of this methodology. As the user is being delivered with a specific content, the instantaneous estimations are 
changing, depicted by and depending on the monitored behavior of the user within the system. This means that the 
instantaneous probability estimations are changing in time and are exploited for the estimation of the adapted 
probability, in the third step of the knowledge acquisition process. The calculation of the adapted probabilities is 
based on the following formula (Kritikou et al., 2008): 
 
, , 1 , 1 , ,(1 | |)adapted n hist adapted n inst adapted n instant n instant np w p w p p p         (1) 
 Where: 
 |x|: represents the absolute value of n, 
 n: denotes the current instant, 
 padapted,n: represents the adapted probability estimation at moment n,  
  Course Duration Test Duration Performance High Medium Low 
A 0,2 0,35 0,45 
B 0,15 0,3 0,55 
C 0,1 0,25 0,65 
A 0,3 0,45 0,25 
B 0,15 0,55 0,3 
C 0,1 0,3 0,6 
A 0,65 0,2 0,15 
B 0,25 0,4 0,35 
C 0,2 0,35 0,45 
A 0,4 0,35 0,25 
B 0,25 0,45 0,3 
C 0,15 0,25 0,6 
A 0,3 0,4 0,3 
B 0,2 0,55 0,25 
C 0,15 0,25 0,6 
A 0,4 0,35 0,25 
B 0,25 0,4 0,35 
C 0,1 0,35 0,55 
A 0,15 0,3 0,55 
B 0,2 0,45 0,35 
C 0,15 0,25 0,6 
A 0,35 0,4 0,25 
B 0,2 0,6 0,2 
C 0,25 0,3 0,45 
A 0,65 0,2 0,15 
B 0,3 0,45 0,25 
C 0,2 0,3 0,5 
Low 
Medium 
High 
Medium 
Low 
Low 
High 
Medium 
Low 
High 
High 
Medium 
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 padapted,n-1: represents the adapted probability’s previous value, 
 pinstant,n: stands for the current instantaneous estimation and  
whist and winst: reflect the weights attributed to the historical estimation and the current instantaneous estimation, 
respectively. Their value is in the interval [0,1] and the formula whist +winst=1 is always true. 
4.2. Indicative Results 
This section aims at evaluating the system described through indicative results. The first case used for the 
evaluation presents a regular case. The second case describes the role of weights in the overall knowledge 
acquisition process.  
4.2.1. Case 1 – Regular Case 
In this case, we examine the behavior of the system in a generic situation. The value of the ratio whist/winst has 
been set equal to 1, meaning that whist = winst =0,5. As discussed in Section 4.1, the first step of the application of the 
methodology is to create the Conditional Probability Table (CPT) for each Output Parameter (Figure 3). This Table 
is produced based on the “network” of Figure 2. Initially (step 1), as depicted in Figure 4(b), where the vertical axis 
represents the value of the probability ([0,1]) and the horizontal axis the progress of the phases of the course, all the 
possible values of each target parameter are considered equally probable (uniform distribution). Hence, a vocabulary 
course with random difficulty level and number of words is generated and delivered at this step. At the end of this 
course, the model’s monitoring mechanism reports the following evidence: Course Duration = High, Test Duration 
= Medium, Performance = A, as depicted in Figure 4(a).  
 
 
 
 
 
 
 
 
 
(a) 
 
 
 
 
 
 
 
 
 
(b) 
 
 
 
 
 
 
 
 
 
(c) 
Figure 4: Case 1. (a) Evidence Table (b) Instantaneous probabilities estimations for Number of Words (c) Adapted probabilities 
estimations for Number of Words 
This  set  of  evidence  serves  as  input  for  the  formation  of  the  next  course,  i.e.  the  course  of  step  2.  At  the  
beginning of step 2, this evidence is utilized in order to produce a set of instantaneous probability estimations 
concerning the target parameters. This is carried out with the use of equation (2), as described in Section 4, after 
setting CD=High, TD=Medium and R=A. Subsequently, the instantaneous estimations of this step (step 2), in 
conjunction with the adapted probability estimations of the previous step (step 1), are utilized for the computation of 
the adapted probability estimations (Figure 4(c)) of the current step (step 2). The same method is followed for 
1 2 3 4 5 6 7 8 9 10
High 0,333 0,344 0,387 0,355 0,289 0,209 0,224 0,182 0,207 0,174
Medium 0,333 0,344 0,258 0,323 0,356 0,396 0,411 0,433 0,420 0,436
Low 0,333 0,312 0,355 0,322 0,355 0,395 0,365 0,386 0,373 0,389
0
0,1
0,2
0,3
0,4
0,5
0,6
0,7
0,8
0,9
1
Case 1: Adapted Estimations for Number of Words
High
Medium
Low
Course Duration Test Duration Performance User FB
High Medium A 1 
High Low A 2 
Medium Medium B 2 
Medium Medium B 3 
Low Low A 3 
Low Medium A 1 
Low Low A 3 
Medium Low A 3 
Low Low A 3 
1 2 3 4 5 6 7 8 9 10 
High 0,33 0,3 0,65 0,2 0,2 0,65 0,35 0,65 0,4 0,65
Medium 0,33 0,45 0,2 0,55 0,55 0,2 0,4 0,2 0,35 0,2
Low 0,33 0,25 0,15 0,25 0,25 0,15 0,25 0,15 0,25 0,15
0
0,1
0,2
0,3
0,4
0,5
0,6
0,7
0,8
0,9
1
Case 1: Instantaneous Estimations for Number of Words 
High 
Medium 
Low
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inferring the most probable values of the target parameters throughout the rest of the steps. The same procedure for 
estimating the adapted probabilities for the Difficulty Level parameter is followed. As may be observed from the 
curves in Figure 4, the adapted estimations normalize the sharp fluctuations of the instantaneous estimations by 
adapting to the evidence at a slower pace. This has the clear advantage of exploiting not only the most recent 
evidential data, but also knowledge about the past, by attributing the appropriate weight to each probability 
estimation figure.  
As a further indicative example of this behavior, let us observe the estimation results for the Number of Words 
parameter,  at  steps  4  to  6,  in  Figure  4(b).  At  step  4  and 5,  we may observe  that  the  adapted  estimation  indicates  
Medium as the most probable value. Yet, an unexpected change is detected at step 6. According to the instantaneous 
estimations, "High" is the most probable value at step 6. However, the adapted estimation takes into account the 
historical knowledge, and suggests again Medium as the most probable value (being, of course, significantly 
decreased. This gradual adaptation to the evidence allows the system to avoid temporary and impulsive vacillations. 
4.2.2. Case 2 – Weights do matter 
The goal of this scenario is to showcase the effect of the weights on the adapted estimations. In other words, in 
this scenario we aim at presenting the way the results are affected in case historical or instantaneous estimations are 
taken into consideration differently. For this scenario, the Evidence Table (Figure 4(a)) of the previous case has 
been used and different measurements have been recorded, taking into consideration different weight ratios (Figure 
5). More specifically, in the first scenario we assume that whist is more important than winst (with values 0,8 and 0,2 
respectively), while in the second scenario winst is four (4) times the whist. This gives us the opportunity to test the 
system’s response in the same case, yet under different, reverse circumstances. As expected, the difference in the 
weights results in different figures in the adapted estimated probabilities (Figure 5).  
For instance, in Figure 5(a), where winst is four (4) times the whist, it can be observed that the results are rather 
similar. This means that in case the historical estimations’ are attributed with higher weight, it is difficult to reach a 
safe conclusion. In the second scenario (Figure 5(b)), the results are more distinct and it is clearer that the user will 
have to be given “Medium” Number of Words. Therefore, it  is highly necessary to have a mechanism, which will 
respond effectively according to user preferences.  
Conclusively, weights play a very significant role in the adaptation procedure. Yet, it is essential to preserve a 
balance in the weights’ ratio, so as to take both parts of the formula into consideration, resulting in a more gentle 
adaptation to user preferences. 
 
 
 
 
 
 
 
 
 
(a) 
 
 
 
 
 
 
 
 
 
(b) 
Figure 5: Case 2. Adapted probabilities estimations for Number of Words having (a) whist=0,8 and winst=0,2 (b) whist=0,2 and 
winst=0,8 
5. Conclusions 
This paper discussed on a web-based learning management system that enhances the procedure of learning the 
vocabulary of a foreign language. This is achieved through the use of cognition mechanisms incorporating the 
Bayesian Networks concepts, in order to take into consideration users’ past preferences and their current feedback. 
Two indicative scenarios of the system were examined, in order to showcase its effectiveness.  
 
 
 
1 2 3 4 5 6 7 8 9 10 
High 0,333 0,338 0,354 0,343 0,320 0,281 0,282 0,252 0,251 0,228 
Medium 0,333 0,338 0,305 0,327 0,338 0,358 0,359 0,375 0,375 0,387 
Low 0,333 0,325 0,341 0,330 0,342 0,361 0,358 0,373 0,374 0,385 
0
0,1
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0,4
0,5
0,6
0,7
0,8
0,9
1
Case 2a: Adapted Estimations for Number of Words, w hist =0,8 and 
w inst =0,2 
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1 2 3 4 5 6 7 8 9 10 
High 0,333 0,351 0,423 0,361 0,250 0,158 0,191 0,153 0,211 0,155 
Medium 0,333 0,351 0,206 0,330 0,385 0,431 0,464 0,483 0,454 0,482 
Low 0,333 0,299 0,371 0,309 0,365 0,411 0,345 0,364 0,335 0,363 
0 0,1 
0,2 0,3 
0,4 0,5 
0,6 0,7 
0,8 0,9 
1 
Case 2b: Adapted Estimations for Number of Words, w hist =0,2 and 
w inst =0,8 
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